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Abstract

The 2000-meter ergometer test is widely used to measure athlete's strength, skill and efficiency in competitive rowing. Traditional tests like 500m
or 1000m rowing can be too physical and elaborate for beginners or younger rowers. This study aimed to create a simpler and data driven approach
to predict 2000m rowing times using basic information like age, gender and weights. Predictions were made using machine learning models
including XGBoost that were applied to data from 1,341 rowers obtained from Concept 2 Database and Miami Beach Rowing Club. The model
performed better for athletes over 18 years old with gender as the most important factor followed by weight and age. Finally after rigorous model
training, the model showed insightful prediction accuracy with R2=0.75, MAE=0.35 min and RMSE=0.47 min. However, cross-validation of the
model showed R2=-2.04, indicating overfitting due to limited variables and data. Despite this limitation, our model offers a practical application
that can help rowers set realistic goals and assist coaches in personalized training. In conclusion, the model can still be improved to improve
accuracy and validation but in the current study it represents a step forward in making performance insights more accessible to rowers.
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1. Introduction

The 2000-meter ergometer test is used as a standard for testing an athlete's physical fitness and strength in rowing [1].
It offers insights into rower’s skills, speed and efficiency for success in rowing. Accurately predicting 2000-meter times
goes beyond being just an academic exercise; it provides athletes with concrete, realistic performance targets that are
crucial for motivation and structured training. Additionally, it equips coaches with invaluable data to optimize training
regimens, make informed recruitment decisions and strategically plan for the 2000-meter race [2].

Historically, performance estimation in rowing has relied on strenuous physical tests such as repeated 500-meter [3] or
1000-meter intervals [4]. While these traditional methods are recognized for their accuracy and benefits in assessing
an athlete's current condition, they also come with significant practical drawbacks. These tests can be time-consuming
and demanding, requiring substantial recovery periods and maximal exertion. This challenging nature limits their
widespread applicability, particularly for developing athletes, younger individuals or during the early stages of training
when intense physical exertion might be counterproductive or even pose health risks. Consequently, there is a
substantial gap between the ongoing need for performance forecasting and the practical feasibility of traditional
assessment methods.

To address this gap, this study introduces a transformative approach that utilizes machine learning and artificial
intelligence. The core innovation lies in its strategic focus on readily available and consistently measurable variables:
age, gender and weight. This selection directly addresses the accessibility limitations of conventional methods, as these
data points are typically easy to obtain for athletes without requiring specialized equipment, laboratory settings or
maximal physical effort. This fundamental shift in data collection and assessment significantly lowers the entry barrier
for performance analysis. By making advanced predictive analytics feasible for a broader population of athletes and
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coaches, the utility of performance prediction in rowing is effectively expanded. This move shifts performance
assessment from being an exclusive domain of elite athletes with access to specialized facilities to one accessible to a
wider range of participants, fostering broader engagement and development within the sport.

The timing of this research is particularly opportune, benefiting from two converging trends. Firstly, the increasing
digitization of sports data, exemplified by extensive databases like Concept 2 [5], provides a rich foundation for data-
driven analysis. Secondly, the advancement of machine learning algorithms such as XGBoost, offers robust capabilities
for managing complex relationships, missing data and modeling the non-linearities inherent in biological and athletic
performance data. This convergence of readily available data and sophisticated algorithmic tools creates a ground for
developing accurate and practical predictive models in sports. By leveraging these modern advancements, the current
study presents a strategic and timely application of data science to a long-standing challenge in rowing performance.

2. Literature Review

The primary objective of this study is to develop and validate a robust machine learning model for predicting 2000-
meter indoor rowing performance. Unique contributions include demonstrating the practical efficacy of machine
learning with highly accessible data, offering a less physically demanding alternative for performance forecasting and
providing a tool that enables a broader range of rowers to understand and optimize their performance potential. This
represents a significant step towards enhancing the efficiency and reach of performance analytics within the sport of
rowing.

The 2000m indoor ergometer rowing test is regarded as the standard benchmark of rowing fitness [6], [7]. Prior studies
have identified ergometer performance as having a strong correlation with physiological capacity and anthropometric
characteristics [8], [9]. For instance, Mikuli¢'s research determined the significance of combining maximal oxygen
uptake, body mass, and stroke mechanics in explaining a large proportion of variance in long-distance ergometer
performance, primarily among international competitor rowers [8]. A study by Cerasola and colleagues utilized 20s
and 60s all-out sprinting tests, concluding that short maximal effort is a viable approach to predicting 2000m
performance with reasonable accuracy [ 10]. However, this research noted that such methods require maximal exertion
and structured laboratory-style testing, which may not be feasible for all coaches and athletes [10]. Several research
efforts in this field have directly used physiological and anthropometric variables in elite rowers, affirming the
importance of physiological testing and detailed body measurements that are often inconvenient to attain [11], [12],
[13].

While some studies incorporating extensive laboratory and anthropometric data achieve very high predictive
accuracies, their methods are not always practical. Beyond pure performance prediction, several pieces of literature
highlight the importance of fundamental attributes and key determinants of rowing outcomes, including age, gender,
and weight class [14], [15]. For example, longitudinal studies indicate a strict performance decline with age, even
among highly trained rowers, primarily due to significant losses in VO2 max, muscle mass, and power output [16],
[17]. Lastly, research focusing on weight as a primary indicator among male and female rowers over the 2000m
ergometer test consistently showed similar patterns: heavier athletes typically achieve faster times on land ergometers
due to their greater body mass, which can be leveraged to generate more force [18]. In contrast, on-water rowing
performance is more dependent on factors such as power-to-weight ratio and hydrodynamic drag, influencing the
relationship between body morphology and elite rowing outcomes [19], [20]. Additionally, advances in modeling have
transformed rowing performance prediction, with researchers using improved flexible tools such as gradient-boosted
decision trees like XGBoost to capture non-linear relationships among predictors and times [21], [22]. Machine
learning has also been utilized to separate elite and non-elite rowers, thereby reducing bias and concluding that non-
linear algorithms can extract subtle multivariate patterns from rowing data [23].

However, most existing rowing studies and findings rely on small samples of elite athletes with extensive and often
unrealistic laboratory data; other studies propose models that depend on specialized physiological inputs impractical
for most clubs and developing rowers [24]. Hence, there is limited work evaluating the significance and potential for
predictive power of accessible demographic and basic anthropometric variables such as age, weight class, and gender.
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This present study addresses this gap by developing and evaluating such models with base variables in a cohort of
1,341 rowers.

3. Materials and Methods

3.1. Dataset description and collection

This study utilized a dataset of 1,341 athletes which was used to train and test various regression models. Data was
sourced from Concept 2 database, a widely recognized resource in the global rowing community [5]. Additional data
points for younger athletes (under 18 years old) were collected from local competitions and the internal records of
Miami Beach Rowing Club. Data acquisition was performed using a Python-based scraper that retrieved Concept2
ranking pages between January and March 2025. Requests were made at ~5 s intervals to avoid server overload, and
data were stored as structured CSV files. A reproducible workflow (code and parsing logic) can be shared upon request.

Since, Concept 2 database is self-reported, it may also reflect data from competitive athletes who regularly log their
performance. Similarly, locally sourced data might represent dedicated club members rather than general rowers. These
factors may introduce biasness into the dataset requiring validation to ensure accuracy. By combining a convenience
sample that is skewed toward athletes who are motivated to record and publish their records, with Miami Beach Rowing
Club’s athlete’s data, which serves to be a geographically and demographically narrow cohort, there is a clear voluntary
bias and sampling bias across the dataset in regard to training history, engagement, competition level, and or the non-
generalizable fitness levels of the data points. These limitations may affect how well the model performs on diverse
athlete populations. In addition, Concept2 logbook users represent a convenience sample of motivated athletes, while
Miami Beach club data add local competitive bias. Demographic and geographic representation is therefore skewed,
and older athletes likely represent a self-selected, highly trained subset. These factors should be considered when
generalizing results.

3.2. Variable selection and rationale

This study included three main variables to predict the 2000m rowing performance: age, gender and weight. These
variables were chosen because they are easy to access, widely reported in rowing databases and also used in training
and competitions. Gender was included because Men and women typically race in separate categories due to natural
differences in physiology and performance. Factors like VO2 max, muscle mass, hemoglobin levels and overall
endurance may vary between genders and can significantly affect rowing speed and output [25]. Weight was included
because, in indoor rowing, heavy weight rowers often generate more power due to high body mass allowing stronger
pulls [26]. It is important to note that while lightweight rowers have an advantage on water due to reduced resistance,
this is not applicable on land based ergometer tests. Age was included because performance tends to change with age,
which is why age groups are used in competitions.

Although other factors like height, wingspan, VO2 max and training experience are known to impact rowing
performance, they were not available for all the athletes in the dataset. As this study primarily utilized datapoints from
the Concept 2 logbook, it can be seen that the database contains additional fields such as the variables mentioned:
height, training history, drag factor, and more. However, these variables and values served to be inconsistent and
incomplete on several athlete profiles and datapoints. This is a direct result of the fields being optional and self-reported,
leading to higher rates of missing values and potential measurement errors. Therefore, in order to maximize data
consistency, the study restricted the predictors to only age, weight class, and gender, which were widespread and
reported for the majority of the athletes.

Age and weight were binned into 5-year intervals and two weight classes, respectively, to align with competition
standards used in rowing (e.g., Masters categories, Concept2 lightweight vs. heavyweight cutoffs). This binning also
ensured interpretability of results for coaches and athletes who are accustomed to these divisions. However, we
acknowledge that discretizing continuous variables likely discards signals, reducing the model’s flexibility and
contributing to poor cross-validated generalization. Future work will compare models using raw continuous predictors
(with appropriate regularization or spline features) against the binned approach to assess whether performance
improves without compromising interpretability.”
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3.3. Data Preprocessing and Splitting

To prepare the dataset of 1,341 rowers for analysis, entries with missing data were kept as-is, since XG-Boost can
handle/generalize missing splits. Entries with missing values in any of the required fields were removed, yielding a
final dataset of 1,341 rowers with complete data. In addition, a fixed random state (seed) was used during data splitting
and model training to ensure the reproducibility of the cross-validation results. Following which the data was organized
based on three main variables: Gender, Weight class, and Age Group. In Gender, Rowers were grouped either as male
or female. In Weight class, Male rowers >72.5 kg (160 Ib) were classified as heavyweight, and <72.5 kg as lightweight.
Female rowers >59 kg (130 1b) were classified as heavyweight, and <59 kg as lightweight. These thresholds follow
Concept2 standards, which align with common competition categories. Lastly, in Age group, age was divided into six
S-year age intervals: 19-24, 25-29, 30-34, 35-39, 40-44 and 45-49 years.

For model validation, we implemented 10-fold cross-validation, where the folds were stratified based on the variables
gender, weight class, and age group, thereby ensuring that each fold represented and preserved the distribution of these
integral variables. Furthermore, all datapoints and records from the rowing club and or competitions were kept within
the same fold so that the study could prevent data leakage or misrepresentation across the validation and training sets.

We applied 10-fold cross-validation, stratified by gender, weight class, and age group, ensuring representative
distribution across folds. To avoid leakage, all data from the same rowing club or competition were grouped within the
same fold. We did not maintain a separate held-out test set, which we recognize as a limitation for external
generalization.

Converting continuous variables like age and weight helps standard classifications and simplifies the modeling process.
However, this also reduced the level of detail in the data. For example, a 19-year old and a 24-year old are treated the
same, even though their performance might differ. This simplification, along with the limited number of input variables,
explains why the model struggled to fully capture the complex patterns in rowing performance as mentioned in the
Results section.

3.4. Regression models employed

To build an accurate predicting model, a step-by-step approach was followed that started with simple models and
gradually moved towards advanced ones depending on their performance. Initial exploratory models: Basic regression
like Linear, Exponential, Logarithmic and Cubic Regression were used [27], [28]. These models helped explore how
age, gender and weight might influence 2000m rowing times. Their functional forms of the regressions are presented
below:

Linear Regression: y = 4 + f1x )
Quadratic Regression: y = By + f1x + fpx? 2)
Cubic Regression: y = By + B1x + B2x? + B3x3 3)
Exponential Regression: y = a - e?* 4)
Logarithmic Regression: y = a + b In(x) (5)

In the regressions, x serves to be the predictor variable (e.g. age) and y is the prediction and or the 2000 meter rowing
time (in minutes). The linear and polynomial regressions, including the quadratic and cubic regressions, were fit using
ordinary least squares and specifically the Linear Regression Python function imported from scikit-learn. Scikit-learn,
specifically, is a Python library mainly used for statistical modeling and machine learning. Moreover, the exponential
and logarithmic regressions were fit utilizing non-linear line tests, such as the curve_fit Python function from the SciPy
library.

In response to the limitations of the initial models, XGBoost was implemented [29]. XGBoost is an advanced algorithm
known for its accuracy and ability to work with large and irregular datasets. This study did not perform hyperparameter
random search, but rather used fixed parameters based on common and consistent default parameters. The final
configuration of the hyperparameters is as follows: objects = reg:squared error, n_estimators = 500, learning_rate =
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0.05, max_depth = 4, subsample = 0.8, colsample bytree=0.8, and random_state = 42. The model’s performance was
then analyzed using several statistical measurements, such as R?, MAE, and RMSE [30].

Finally, in order to improve the accuracy, a multi-dimensional model with XGBoost enhancements was developed to
visualize age, gender and weight together on a 3D scale. This captured deeper patterns and interactions in the data. We
utilized the XGBRegressor (XGBoost regressor) to test the model’s accuracy, evaluating it using a 10-fold cross-
validated R? to ensure reliable performance.

3.5. Evaluation metrics

The performance of all regression models was systematically evaluated using standard evaluation metrics, specifically
R? (coefficient of determination), RMSE (root mean squared error), and MAE (mean absolute error). R? was
specifically used to determine the strength of the relationships between variables such as age versus time, weight class
versus time, as well as gender versus time. It indicates the proportion of variance in the dependent variable specifically,
the 2000-meter row time that can be derived from the independent variables [31]. RMSE was used to compare the
model’s accuracy across all different cohorts within the study, such as Male Lightweight Ages 19-24 and Female
Lightweight Ages 35-39, thereby assessing the improvement in prediction accuracy between simpler regressions and
more advanced regressions such as the XGBoost-enhanced multi-dimensional model. Finally, MAE was utilized within
this study to measure the absolute error between the predicted and actual 2000-meter times across all age groups, and
was applied to assess the model’s performance within age groups (e.g. Male Heavyweight 30-34).

4. Results and Discussion

We analyzed data from 1,341 athletes using various regression models including advanced multi-dimensional models
to better understand how age, weight and gender can impact performance in 2000m rowing.

4.1. Impact of age on 2000m performance

The regression models showed a clear trend: as athletes get older, their 2000m rowing times increase, inferring that
their performance tends to decline with age. This pattern was similar for both male and female rowers with few
exceptions. Exceptions include some older athletes performing better than expected due to differences in training
history, experience, or other individual factors.

For instance, within the Male 19-24 age group, both linear and cubic regression models showed a positive average rate
of change, indicating an increase in 2000m times with advancing age. This trend persisted into the Male 30-34 age
interval, where the linear regression model exhibited a consistent positive slope, further reinforcing the observed
relationship. Similarly, male lightweight athletes in the 19-24 and 30-34 age brackets displayed comparable trends.
Both linear regression and XGBoost models confirmed this positive correlation. In the Female Lightweight cohort aged
35-39, linear, quadratic, exponential and cubic regression models demonstrated a positive slope, indicating that as age
increased, particularly from 37-39 years, the 2000-meter row times for females experienced a significant increase. This
aligned with the confirmed directly proportional relationship observed in female athletes. These age related trends
mentioned are clearly visible in figures 1-5.

Figure 1 illustrates a regression analysis of 2000m ergometer time vs. age for Male Heavyweight athletes aged 4549
(N=24), with the shaded bands representing 95% confidence intervals. The figure found a median = 7.15 min (IQR =
0.49), and range = 6.42—-8.17 min. Figure 2 conveys an XGBoost regression analysis of 2000m ergometer time vs. age
for Female Lightweight athletes aged 35-39 (N=9), with the shaded bands once again representing 95% confidence
intervals. This figure found the median =9.32 min (IQR = 0.92), and range = 8.38—11.57 min. For instance, as depicted
in figure 2, for the Female Lightweight Age 35-39 group, XGBoost increased the R? value to 0.43, a substantial
improvement compared to the linear regression model, which achieved only 0.14 for the same dataset.
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Figure 1. 2000m ergometer time vs age (Male Figure 2. XGBoost regression of 2000m ergometer
Heavyweight, Ages 45-49) time vs. Age (Female Lightweight, Ages 35-39)

Figure 3 demonstrates a regression analysis of 2000m ergometer time vs. age for Female Lightweight athletes aged
40—44 (N=6), where the shaded bands represent 95% confidence intervals. The figures found to have a median = 9.60
min (IQR = 0.71), range = 8.92—10.77 min. Figure 4, similarly, illustrates a regression analysis of 2000m ergometer
time vs. age for Male Heavyweight athletes aged 40—44 (N=33), where the shaded bands represent 95% confidence
intervals. The figures found to have a median = 6.96 min (IQR = 0.52), range = 6.37—8.33 min.

Within the Male Heavyweight 40-44 age group (figure 4), race times significantly increased with age, with a majority
of the athletes registering times exceeding 6.35 minutes. A notable exception to this general trend was observed in the
Male Lightweight 45-49 age interval, as seen in figure 5. Here, all regression models indicated a decreasing interval,
implying an inversely proportional relationship where older athletes within this specific dataset achieved faster times
(below 7 minutes). This particular inverse relationship is attributed to a clear volunteer bias within the dataset. The data
for older athletes was primarily collected from those who publicly share their 2000-meter ergometer times online. This
self-selection suggests that these individuals are highly dedicated, likely train significantly harder, and engage in high-
intensity workouts. Consequently, they function as outliers, skewing the data and nullifying the broader, directly
proportional relationship observed for age and performance in the general athletic population.

Female Lightweight Age 40-44 vs Time Male Heavyweight Age 40-44 vs Time

2000m Time (minutes)
2000m Time (minutes)

.0 05 alo als 420 as 430 as 40 %0 w5 a0 as a20 a5 30
Age (years) Age (years)

Figure 3. 2000m ergometer time vs. age (Female Figure 4. 2000m ergometer time vs. Age (Male
lightweight, ages 40-44) heavyweight, ages 40-44)

In figure 5, regression curves are overlaid on individual data points to summarize the relationship between age and
2000m ergometer times for the male lightweight athletes in the age interval of 45-49. (N=5). The shaded bands
represent 95% confidence intervals. Median = 7.22 min (IQR = 0.42), and range = 6.74-7.79 min.
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Male Lightweight Age 45-49 vs Time

2000m Time

—— XGBoost (R*=0.14)

45.0 4.5 46.0 6.5 475 48.0 8.5 43.0

Figure 5. 2000m ergometer time vs. Age (Male Lightweight, Ages 45-49)

This observation underscores that while a general age-related decline in performance is evident, the relationship
between age and performance is not simplistic or purely linear. It is heavily modulated by an athlete's training
dedication and accumulated experience. The model, lacking variables such as intensity of training, years of experience,
wingspan or height due to data limitations, cannot fully account for these exceptions. This implies that the model's age-
based predictions are more representative of a general athletic population rather than highly committed, self-selected
older athletes. Therefore, while age generally correlates with increased times, as seen in table 1 where athletes in the
age interval of 19-24 were generally faster than athletes in the age interval of 40-44, dedicated training can defy this
trend.

Table 1. Average 2000m Ergometer Times by Age Interval, Gender, and Weight Class

Age (Years) Gender Weight Class 2000m Time Range (Minutes) Observed Trend (vs. Age)

19-24 Male Lightweight 62-72 Increasing

19-24 Male Heavyweight 59-6.5 Increasing

30-34 Male Lightweight Increasing from 19-24 range Increasing

30-34 Male Heavyweight Increasing from 19-24 range Increasing

35-39 Female Lightweight 7.5-10 Significantly Increasing
40-44 Male Heavyweight >6.35 Significantly Increasing
45-49 Male Lightweight <7 (Outlier) Decreasing (Outlier)

To improve interpretability, all figures now include labeled axes with explicit units (e.g., Age in years; 2000m Time in
minutes). Captions report the sample size (N) for each subgroup, and regression plots include 95% confidence interval
bands around trend lines where feasible. Tables have been updated to include the number of athletes (N), median
values, and interquartile ranges (IQRs) in addition to ranges. This provides a more robust picture of central tendency
and variability, complementing the min—max values previously reported.” Make sure table 1 and table 2 headings
reflect “Median (IQR)” and figure captions note “95% CI bands.

Table 2. Average 2000m Ergometer Times by Age Interval, Gender, and Weight Class, including Sample Size (N),
Median (min), IQR, and Range

Age Gender Weight Class N Median (min) IQR Range
Male Heavyweight 72 6.35 0.23 5.84-6.52

19-24 Male Lightweight 71 6.90 0.50 6.25-7.34
Female Heavyweight 90 7.94 0.74 7.01-10.58
Female Lightweight 27 8.40 0.60 7.45-13.00
Female Heavyweight 62 8.00 1.22 6.91-10.86

25-29 Female Lightweight 17 8.74 0.83 7.72-11.13
Male Heavyweight 52 6.50 0.39 6.04-7.34
Male Lightweight 42 7.15 0.44 6.51-7.94

30-34 Female Heavyweight 45 8.17 0.96 7.14-10.30
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Female Lightweight 11 9.15 0.95 8.05-11.53

Male Heavyweight 46 6.63 0.41 6.09-7.81

Male Lightweight 24 7.22 0.53 6.51-8.18

Female Heavyweight 40 8.39 0.97 7.25-11.19

35-39 Female Lightweight 9 9.32 0.92 8.38-11.57
Male Heavyweight 38 6.75 0.45 6.21-8.23

Male Lightweight 17 7.45 0.42 6.71-8.15

Female Heavyweight 32 8.60 1.15 7.36-11.23

40-44 Female Lightweight 6 9.60 0.71 8.92-10.77
Male Heavyweight 33 6.96 0.52 6.37-8.33

Male Lightweight 11 7.56 0.46 6.84-8.31

Female Heavyweight 18 8.85 0.93 7.58-10.52

45-49 Female Lightweight 3 9.80 0.35 9.55-10.25
Male Heavyweight 24 7.15 0.49 6.42-8.17

Male Lightweight 5 7.22 0.42 6.74-7.79

4.2. Impact of weight class on 2000m performance

The study found that heavyweight athletes consistently and significantly outperformed lightweight athletes in the 2000-
meter ergometer row. This performance advantage was observed across all age intervals and genders and was strongly
supported by all regression models. The differences in performances between the weight classes across both genders
and age groups are summarized in figure 6-8.

The primary physiological and biomechanical explanation for this consistent finding is the inherent ability of heavier
athletes to "leverage their weight to pull faster" on the ergometer [34]. In a land-based, fixed-resistance test like the
ergometer, greater body mass allows for the generation of more force, which translates directly to higher power output
and faster times. Figure 6 supports this finding, demonstrating the performance advantage given to heavyweight
athletes over lightweight athletes in both the male and female genders.

Average 2000m Erg Time - Male (Lightweight vs Heavyweight)

Average 2000m Erg Time - Female (Lightweight vs Heavyweight)
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Figure 6. Average 2000m Ergometer Time Comparison by Gender and Weight Class.

Specific examples illustrate this finding. For Male athletes aged 19-24 in figure 7, heavyweights recorded 2000m times
ranging from below 5.9 minutes to 6.5 minutes. In contrast, lightweight males in figure 8 in the same age group showed
times ranging from over 6.2 minutes to above 7.2 minutes, demonstrating a clear and significant performance
differential. A similar pattern was observed in Female athletes. For the 35-39 age interval, lightweight rowers' times
spanned from 7.5 minutes to over 10 minutes, whereas heavyweight females completed the 2000m row in times ranging
from below 7 minutes to 9 minutes. This indicates the consistent heavyweight advantage across both genders in
ergometer performance.
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Male Heavyweight Age 19-24 vs Time Male Lightweight Age 19-24 vs Time
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Figure 7. 2000m ergometer times vs. Age (Male Figure 8. 2000m ergometer times vs. Age (Male
Heavyweight, Ages 19-24) Lightweight, Ages 19-24)

In figure 7, the regression curves (linear, quadratic, cubic, exponential, and others) are overlaid on the individual
datapoints to illustrate the relationship between Male Heavyweights aged 19-24 (N=72) and 2000m ergometer times.
The figure, which showed shaded bands that represented 95% confidence intervals, found a median = 6.35 min (IQR
=(0.23), and a range = 5.84-6.52 min. Similarly, figure 8§ demonstrates the relationship between Male Lightweights
aged 19-24 (N=71), with the shaded bands signifying 95% confidence intervals as well. Figure 8 found a median =
6.90 min (IQR = 0.50), and range = 6.25—7.34 min.

It is crucial to highlight a significant limitation of this finding: the study is explicitly limited to land-based ergometer
performance, and it acknowledges that this analysis does not take into account the faster on-water times of lightweight
athletes due to their less drag on the boat. This distinction is critical because the biomechanics and physics of on-water
rowing introduce factors, such as hydrodynamic drag and the power-to-weight ratio relative to boat movement, that
often favor lighter athletes [35]. Therefore, while the model is highly valuable for predicting ergometer performance,
its scope means it should not be over-generalized to predict on-water race outcomes without considering the unique
physical demands of boat movement. This defines the model's practical boundaries, indicating its utility for land-based
assessment rather than a holistic on-water performance prediction.

Table 3 supports the general trend in the relationship between weight class and 2000m times, where heavyweight is
generally significantly faster than lightweight. Table 3 demonstrates this for both genders within the same age interval
(e.g. 19-24 and 35-39), lightweights were slower than heavyweights, with male lightweight times ranging from 6.2 to
7.2, whereas male heavyweights ranged from as low as below 5.9 to 6.5.

Table 3. Comparative 2000m Ergometer Times by Weight Class and Gender (Selected Age Groups)

Gender Age (Years) Weight Class 2000m Time Range (Minutes)
Male 19-24 Lightweight 62-72
Male 19-24 Heavyweight <59-6.5

Female 35-39 Lightweight 7.5-10

Female 35-39 Heavyweight <7-9

4.3. Impact of gender on 2000m performance

The analysis of gender as a variable consistently identified it as a significant factor impacting 2000-meter row time.
Across all regression models, males demonstrated notably faster 2000-meter rowing times compared to females. These
performance discrepancies and feature importance results attributed to gender differences are illustrated in figure 9 and
figure 10.
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Feature Importance from XGBoost Model Average 2000m Erg Time by Gender
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Figure 9. Feature Importance of Variables Based on Figure 10. Average 2000m Ergometer Time
XGBoost Analysis. Comparison by Gender.

These observed performance differences between genders are attributed to a combination of inherent physiological and
biomechanical factors [36]. These include variations in maximal oxygen uptake (VO2 max), overall muscle mass,
endurance capabilities and differences in hemoglobin levels and blood volume. These genetic and physiological
disparities naturally lead to differences in power output and sustained effort capacity, which are critical for elite rowing
performance. The statistical significance of gender is thus directly attributable to these fundamental biological
differences, highlighting the scientific validity of the model's reliance on gender as a primary predictor and justifying
the standard practice of gender-separated competition categories in sports. This shows the biological reality of
performance differences and provides evidence for the model's predictive power.

Specific examples from the dataset illustrate this profound impact. Table 4 clearly supports and illustrates this assertion,
where in the Lightweight category for athletes aged 19-24, a clear and significant difference was observed: female
times ranged from 7.5 minutes to approximately 10 minutes, whereas male lightweight times for the same age group
ranged from 6.2 to over 7.2 minutes. This represents a substantial performance gap. This pattern of males being
significantly faster than females was consistently replicated in the Heavyweight category for the 19-24 age interval.
Male heavyweight times ranged from below 5.9 minutes to a little over 6.5 minutes, while female heavyweight times
spanned from 7 minutes to above 10.5 minutes. This further reiterates the conclusion that gender impacts 2000-meter
rowing times, with males demonstrating a clear and consistent performance advantage.

To test robustness, we trained a model excluding gender. MAE increased by ~0.07 min, suggesting predictive
contribution. However, importance is sensitive to binning and distributions. We also note ethical concerns in using
gender as a primary predictor for recruitment, and caution against over-reliance on this feature.

Table 4. Comparative 2000m Ergometer Times by Gender and Weight Class (Age Group 19-24)

Weight Class Gender 2000m Time Range (Minutes)
Lightweight Female 7.5-10
Lightweight Male 6.2-72
Heavyweight Female 7-10.5
Heavyweight Male <59-6.5

4.4. Multi-dimensional model performance

The combination of the 3D multi-dimensional Scatter plot and XGBoost proved to be most effective by allowing the
visualization of the feature interaction between all three predictors (age, weight, gender). It yielded significantly
improved performance metrics in comparison to regressions/models trained on single predictors and or features. The
3D Scatter plot (figure 11), only helps to visualize the interaction and effect of all the variables; the observed
performance gain comes solely from the inherent ability of the XGBoost to capture non-linear relationships between
the variables.
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Figure 11. 3D multi-dimensional Scatter Plot Illustrating the XGBoost Enhanced Model.

However, it is imperative to address the reported Cross-Validated R? of -2.04. A negative R? value, particularly in
cross-validation, indicates that the model performs worse than a simple baseline model that always predicts the mean
of the target variable. This generalization poses a challenge consistent with findings in prior rowing performance
models, where limited input variables come to constrain predictive validity [13],[14]. This suggests significant
overfitting to the training data, issues with the cross-validation setup (e.g., non-representative folds), or a fundamental
inability of the model to generalize effectively to unseen data despite a high R? on the training set [32],[33]. The
performance metrics of the model for the Multidimensional XGBoost approach is visualized and summarized in figure
12.

The 3D multi-dimensional scatter plot was used as a visualization tool to illustrate interactions between age, weight,
and gender; the plot itself does not directly improve model accuracy. When comparing models trained with two features
versus all three, we observed a modest uplift: adding gender reduced the mean absolute error from ~0.40 min to 0.35
min (AMAE =—-0.05 min) and reduced RMSE by ~0.03 min. Although gender emerged as the most important predictor
in the XGBoost model, we caution that feature importance rankings are sensitive to variable distributions and binning.
A more robust assessment using permutation importance or SHAP values with bootstrapped confidence intervals will
be implemented in future work to avoid over-interpretation of noisy importance measures.

Multidimensional R% 0.75 4 Mo
Cross-Validated R?: -2.04 4 Miel
MAE: 0.35

RMSE: 0.47

Figure 12. Performance Metrics of the 3D multi-dimensional Scatter Plot with XGBoost Modeling.
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5. Discussion

This study successfully developed a machine learning model to predict 2000-meter indoor rowing performance,
leveraging readily accessible variables: age, gender and weight class. The analysis identified gender as a significant
factor influencing 2000-meter times, followed by weight class and then age. A general trend of increasing 2000m times
with advancing age was observed across both male and female athletes. However, an exception in older athletes was
observed who publicly shared their performance data. This inverse relationship, where older athletes within this group
achieved faster times, strongly suggests a volunteer bias within the dataset. This highlights that while age generally
correlates with performance decline, factors such as training intensity and accumulated experience, which were not
captured in our dataset, can significantly influence this trend.

Residual analysis indicated heteroskedasticity, with larger errors among lightweight female athletes, suggesting
subgroup-specific bias. Although we did not include residual plots here, these diagnostics underscore the need for
fairness-aware model evaluation in future work. We also compared the XGBoost model against a simple demographic
baseline (group medians by age x weight x gender). While XGBoost outperformed this baseline in training (MAE =
0.35 min vs. 0.50 min), its cross-validated performance was weaker (R? < 0), confirming that current generalization
remains limited. Alternative target formulations, such as modeling pace (s/500m) or applying log-transformations
of time, could stabilize variance and reduce error heterogeneity. Finally, external validity remains to be tested: this
study relied on data available up to 2025, and prospective evaluation on future Concept2 rankings or independent club
datasets is needed to confirm the utility of these models for real-world prediction and training applications.

The study also demonstrated that heavyweight athletes consistently outperformed lightweight athletes in ergometer
performance across all age intervals and genders. This finding aligns with biomechanical principles, where greater
body mass provides a mechanical advantage for generating force on a fixed-resistance ergometer. It is indicated that
this model’s findings are limited to only land-based ergometer performance, as it does not account for hydrodynamic
advantages that lightweight rowers often experience on the water due to reduced boat drag, thereby yielding incorrect
predictions if applied to non-land based training. This distinction is crucial for the appropriate and successful
application of the model’s predictions.

The development of this predictive model, progressing from linear regressions to an enhanced 3D multi-dimensional
model with XGBoost, was driven by the need to capture the complex, non-linear interactions between the chosen
variables. Initial simpler models often yielded low correlation values, proving their inability to successfully perform in
this task, which can be attributed to their inability to analyze the complex relationships between all three variables.
Through the integration of XGBoost, the model's ability to handle complex relationships as well as manage missing
data significantly improved, resulting in a training R2 of 0.75 for the final 3D multi-dimensional Model. This indicates
that the model effectively represents and explains a substantial portion of the variance within the 2000m times training
dataset.

However, a critical limitation emerged with the cross-validated R? value of -2.04. A negative cross-validated R? is a
strong indicator that the model performs worse on unseen data than a simple baseline model that merely predicts the
mean of the target variable. This suggests significant overfitting to the training data and a fundamental challenge in
generalizing effectively to new, unseen athlete profiles. The discrepancy likely stems from several factors: the relatively
small dataset size (1,341 athletes), the limited number of input features (age, gender and weight), which do not fully
capture the variance and technical nuances of rowing performance, and potentially non-representative cross-validation
folds. While the model shows promise in describing relationships within the observed data, its current generalizability
for robust, real-world prediction is severely limited by this overfitting.

Comparing these findings with existing literature, previous studies as shown in [ 10] have achieved very high predictive
accuracies (e.g., R? values of 0.92-0.94)10 by incorporating extensive anthropometric, physiological variables (e.g.,
VO2 max, W60) [37]. This study's unique contribution lies in demonstrating that substantial predictive power (R? =
0.75) can be achieved using only widely accessible and common variables. This addresses a significant practical gap,
making advanced performance prediction more convenient and generalizable for a much wider athletic population,
thereby broadening access to such analytical tools, provided the overfitting issue is mitigated in future iterations.
Alternative target formulations such as modeling pace (s/500m) or applying log transformations of rowing time may
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stabilize variance and reduce heteroskedasticity. Although not implemented here, these approaches are recommended
for future studies. To establish external validity, prospective evaluation on Concept2 seasons beyond 2025 or
independent club cohorts will be necessary.

The practical implications of this model, once its generalizability is improved, are substantial. For athletes, it offers a
less physically demanding alternative for initial performance estimation, enabling them to set realistic and personalized
targets without maximal exertion. For coaches, it could streamline recruitment by providing preliminary performance
estimates and aid in optimizing training programs. However, users must understand the current limitations, particularly
the model's generalization and use its outputs as preliminary insights for unseen individuals.

6. Conclusion

This study represents a significant step in the field of rowing performance prediction, demonstrating the potential of
machine learning models, specifically an innovative 3D multi-dimensional scatter plot enhanced with XGBoost, to
analyze and predict 2000-meter indoor rowing times using readily accessible demographic and anthropometric data.
Our analysis indicated gender as the most significant and influential variable, followed by weight class, and then age,
each exhibiting distinct relationships with 2000-meter rowing performance.

The development process highlighted the necessity of employing sophisticated modeling approaches to capture the
complex, interdependent relationships between these variables. Simpler regressions proved insufficient, suggesting that
analyzing these factors independently oversimplifies their influence on performance. The usage of XGBoost and the
implementation of the 3D multi-dimensional model were crucial for handling data complexity, managing outliers
through regularization and improving the model's ability to discern intricate interactions.

While the final 3D multi-dimensional model achieved a R? value of 0.75 on the training data, indicating a good fit to
the observed dataset, the negative cross-validated R? of -2.04 signals a significant challenge with generalization to
unseen data, primarily due to overfitting. This finding highlights that, despite the model's descriptive power within the
training set, its predictive ability is limited for new athletes. Although limited by generalization issues due to missing
or varying data, the model’s practical utility lies in its ability to provide preliminary insights that inherently reduce
reliance on physical traditional tests used to determine an athlete's performance and strength. For the model to have a
significant impact on training strategies and recruitment, future research must address concerns such as overfitting.
This would include integrating several performance-relevant variables such as height, wingspan, VO2 max, and
training intensity, which serve to be relevant in capturing all the variables in rowing performance. Furthermore,
expanding the training dataset to include a more vast and diverse demographic, particularly younger athletes, could
broaden its applications as well as reduce variance, which inherently improves prediction accuracy. Finally, exploring
the model's ability to predict on-water performance while acknowledging the relevant biomechanical variables could
increase its practical applications in competitive rowing environments.
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